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Latent Representation Collapse

A visual input often contains rich concepts. If we train
a single model to handle all concepts at the same
time, the features will be pulled in different directions,
leading to a shrunken latent space. This shrunken
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latent space often degrades the model's performance.
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We call this phenomenon latent representation Decoding
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C,: Pose
In the latent space, we use eigenvectors to represent
concepts. Each eigenvector is assigned to a single
target concept. This assignment ensures that the 1D
subspace spanned by the eigenvector is dedicated

exclusively to each concept.

* Property 2: Orthogonality of Target Concepts.
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Latent representation collapse

Domain Expansion (ours)
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 Operator 1: Concept-Specific Adjustment (™)
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